Our research investigates the performance of companies from Central and Eastern European (CEE) countries in the period after the Global Financial Crisis of [2007][2008][2009] with the aim of identifying the driving factors behind accounting-and market-based performance. We include in the analysis companies from various industries in CEE countries that are European Union members and we study their performance between 2008-2016 over the following areas of performance: liquidity, solvency and indebtedness, operational profitability, global performance (through Return on assets and Return on equity), returns available to shareholders and market-based performance (through price/book value and Tobin Q ratio). Employing the hierarchical and non-hierarchical k-means cluster analysis companies are segmented into various homogeneous groups using various financial performance indicators as variables, Euclidian distances and the Ward amalgamation method. Furthermore, the resulting clusters have been grouped according to the country of origin and industry. Our findings show that specific groups of companies in these countries share common attributes, as evidenced by their performance indicators, which do not seem to be entirely based on their countries of origin and industry. Moreover, our exploration of CEE companies' performance dynamics after 2008 evidences the increased competition in all industries particularly after 2009, as well as businesses' need to adjust their activities after the losses incurred during the crisis period, but these phenomena is present with different intensities depending on country of origin and industry. At the same, we note the enhancement of global performance through improvements in the operational performance instead of financial leverage and indebtedness, which is a sound business approach by CEE companies.
EBEEC 2019 debated issue in the economic field of the last decades, covering a very large spectrum of different meanings and trends. In our study we analyze the financial performance of Central and Eastern Europe (CEE) companies over the following areas: liquidity, solvability, efficiency, profitability, aggregate performance and investment performance.
In the international literature that addresses companies' financial performance, different multivariate statistical techniques have been proposed, such as: cluster analysis, principal components analysis, discriminant analysis and factor analysis. Thus, [1] , using nonparametric discriminant analysis, which assigns a set of weights to a linear discriminating function that consequently generates a score regarding its belonging to a group, compares the financial performances of a number of 147 companies without financial difficulties with those of 24 companies in the American energy industry. [2] examine the financial performances of companies from four Central and Eastern European countries (Czech Republic, Hungary, Poland and Romania) and from five industries (financial intermediation, beverage and food industry, energy, pharmaceuticals and chemicals), and identify natural groups, and at the same time statistically significant, of companies depending on their corporate performance. Another author, [3] , uses a cluster analysis to study 208 foreign direct investments made by West-European MNEs in the Central and Eastern European region between 1996-2002 and finds that a positive relationship between psychic distance and subsidiary performance is observed only in the absence of market specific knowledge. [4] studies the successful performance of Indonesian entrepreneurs using cluster analysis to map the pattern of growth mode and strategies. [5] examine the entrepreneurial performance of transition economies in the European context using a cluster analysis of EU Member States and identify various transition economies barriers to productive entrepreneurship in the European context. [6] apply cluster modelling to firm financial data and firm bribery practices with the purpose of analyzing the relationship between`local bribery environments' and firm performance in Central and Eastern European countries. [7] investigate the impact of foreign ownership on stock market volatility in Vietnam using a K-mean cluster algorithm and hierarchical clustering methods to visualize the analysis on net trading volume, price volatility and return volatility ratio.
The present study attempts to examine financial performance in the Mining and quarrying and Manufacturing sectors, at the level of Central and Eastern European countries that are European Union members, to identify the driving factors behind their accounting and market-based performance. To achieve this purpose we implement a kmeans cluster analysis using various financial performance indicators resulting from EBEEC 2019 the financial reports of companies as variables, Euclidian distances and the Ward amalgamation method.
Our research is based on data with annual frequency covering the period between 2008-2016, collected from the ORBIS Database. The collected data has been analyzed and interpreted on the basis of different financial ratios. The remainder of the paper is organized as follows: Section II presents the data used in the analysis and the research methodology, Section III outlines the main results and Section IV concludes.
Data and Research Methodology
The data was collected from the ORBIS Database provided by Bureau van Dijk (BvD) and covers the period between 2008-2016, with annual frequency. All data is in euro. The sample includes a number of one hundred and sixty-four listed companies with available data for the entire period, in the Mining and quarrying and Manufacturing sectors. Table 1 shows the distribution of these companies according to the specific industry and sector, based on the declared NACE main 2-digit code, and their origin countries (i.e., the countries where companies' headquarters are located). The number of companies from each industry is variable, from one (B05 -Mining of coal and lignite, B06 -Extraction of crude petroleum and natural gas, B07 -Mining of metal ores, B08 --Other mining and quarrying, C12 -Manufacture of tobacco products, C15 -Manufacture of leather and related products) to 22 (C12-Manufacture of food products).
Our research investigates the financial performance of these companies from the eleven CEE countries, European Union members -Bulgaria (BG), Croatia (HR), Czech Republic (CZ), Estonia (EE), Hungary (HU), Latvia (LV) Lithuania (LT), Poland (PL), Romania (RO), Slovenia (SI) and Slovakia (SK).
The performance of companies included in our research has been described by a number of 13 financial indicators, as follows: (1) Current ratio (CR) --the ratio between current assets and current liabilities (a liquidity indicator); (2) Quick ratio (QR) --the ratio between cash, short-term marketable investments and receivables, on one hand, and current liabilities, on the other hand (a liquidity indicator); (3) Solvability ratio (Solv) --the ratio between total assets and total liabilities (a solvability indicator); (4) Total debt ratio (Debt) --the ratio between total debt and total assets (a solvability indicator); (5) Total asset turnover (TAT) --the ratio between turnover and net total assets (an efficiency indicator); (6) Inventory turnover (STT) --the ratio between turnover and net inventory (an efficiency indicator); (7) EBITDA margin (Gprof) --the ratio between EBITDA and turnover (a profitability indicator); (8) EBIT margin (Oprof) --the ratio between EBIT and EBEEC 2019 Table 2 ). These indicators were calculated by the authors for each company. Specifically, the k-means algorithm proposed by [8] and discussed in [9] , assigns cases to identified clusters with or without a priori setting a number a clusters, so that 
where Min(X ) and Max(X ) are the minimum and maximum values for variable i.
The main advantage of this approach is that this algorithm does not require, as in the traditional k-means clustering amalgamation, the number of clusters to be specified a priori; explicitly, we use a v-fold cross-validation scheme to identify the optimal number of clusters. This validation scheme divides the overall samples in a number of v folds, which represent sub-samples that are randomly drawn and the same procedure is successively applied to the remaining v-1 folds. The results of the clustering algorithm are applied to the fold that was not used to estimate the parameters and identify the clusters in order to calculate an index of predictive validity. Eventually, the results of all v-fold replications are aggregated into a single measure of model stability, for example, the resulting average distance of the observations from their cluster centers. All data has been standardized before the application of the clustering amalgamation techniques.
EBEEC 2019
Results and Discussion
Before the application of clustering amalgamation techniques to financial performance data we consider necessary a brief depiction of financial performance at industries' level across the CEE countries included in our study.
In Table 3 we present the descriptive statistics of the thirteen financial indicators at relaxing the grouping criterion until it comes to one single cluster that contains all the objects. We are constructing the clusters based on the coefficient of variation for each indicator, given its ability to better compare variables that are measured differently. All the reported results that follow, for hierarchical and k-means clustering alike, are based on coefficients of variance for all the companies in the sample. Preliminary we calculated the distances among the 164 companies included in the clustering amalgamation; the lower the distance, the higher the similarity between the objects/classes. The lowest distance is found between a PANN, a Hungarian company, and CIGA, a Polish company (0.6405) and the highest between NOVI, a Polish company, and a previously created cluster that includes all the 163 companies previously grouped.
In applying the clustering algorithm, we used Ward's amalgamation method, because by this method the distribution of an object into a cluster minimizes the variance inside the cluster. The first 15 stages of amalgamation are shown in Table 4 . On the vertical axis in Figure 1 we have the distances from the first column of Table 4 and on the vertical axis are represented the 164 iterations. We notice that the distance between clusters is rather similar for the first 150 clusters approximately, then increases significantly, particularly after the 160 iteration. This suggests a high similarity between the clusters created in the first 150 iterations of the by amalgamation algorithm and a high dissimilarity for the companies included last in the amalgamation.
Preliminarily, we were interested in observing the result of a hierarchical clustering --see Figure 2 (the figure suggests visually where the clustering process should end naturally). The formation of three important natural clusters is evident, but within these EBEEC 2019 Source: Author's own work three main clusters other smaller and more similar clusters are also formed. Overall, Figure 2 suggests that the number of clusters resulting from the clustering algorithms might vary between 2 and 15, approximately, depending on their degree of similarity.
The k-means algorithm will confirm or not this result.
Rather interesting, when the k-means clustering algorithm is applied (see Table 5) it results in only 2 clusters. 36 cases are included in the first cluster (21.95% of cases) and 128 in the second (78.05%). Table 6 also shows how the 13 indicators we used are represented in each cluster's centroid and we observe that Cluster 1 centroid EBEEC 2019 At the same time, Clusters 1 and 2 seem to record a rather low dissimilarity, based on distances between clusters' centroids (shown in Table 6 ).
EBEEC 2019 Figure 3 shows the normalized means for the two clusters and we notice that cluster 1 is a a cluster with higher normalized means for all vairables, while cluster 2, that has the highest number of members, has lower normalized means for all variables. The highest differences in the normalized means of the variables between the two clusters are found for ROIC and Operational profitability, while the lowest differences are identified for Debt and TAT. Interestingly, ANOVA shows that all variables are significant differentiatiors within clusters and between clusters, as shown in Table 7 . The distribution of CEE companies in the two clusters depending on their country of origin and industry of operations is presented in Certainly, our research has limits that need to be addressed in further research, based on data availability. One of the limits refers to the small number of companies included in the analysis, determined by the need to work with listed companies, whose financial reports are more trustworthy and for whom data is more available. Also, the analysis
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